This paper presents an online simulation framework that can be used to support operational decisions within the context of Through-life Engineering Services. Acting as a closed-loop feedback control mechanism, the simulation model is physically coupled to the assets and will be triggered and automatically executed to assess a set of operational decisions related to maintenance scheduling, resource allocation, spare parts inventory etc. Experimental cases comparing the online simulation against the traditional approach will also be presented. The outcomes have demonstrated the prospects of the framework in enabling more effective/efficient operations of engineering services leading to high assets availability and reduced through-life costs.
INTRODUCTION
The last decade saw the emergence of a new manufacturing paradigm whereby many high-tech Original Equipment Manufacturers (OEMs) have shifted their business focus from offering high value products to offering an integrated products/assets and services. High value assets (e.g. aero engines, machines, trains, wind turbines, etc.) are typically technology intensive, reliability-critical and therefore require engineering services throughout their long life cycle. This new business model enables the customers to buy the 'capability' of the assets (typically) through a contractual agreement whilst the ownership of the assets remains within the OEM. The responsibility of the OEM is now extended beyond manufacturing of the assets to cover maintenance and services throughout the life cycle of the assets. The OEM is obliged to guarantee that the assets are always up and running or else the penalties might be imposed by their customers. The OEM must continuously monitor the condition of the assets being contracted out and take any necessary actions before the assets break down.
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Through-life engineering services are hereby defined as all the services related to engineering activities to ensure the assets are 'healthy', available and ready to operate in order to accomplish the mission. Although the engineering services typically include maintenance, repair and overhaul, their boundary naturally extends to embrace quality inspections, spare parts inventory, information systems, resource allocation etc. High quality provision of engineering services will therefore not only depend on the design of the service operations but also on the timely services required so as to minimize the total through-life costs.
This paper presents an online simulation framework that can support more effective and efficient operational decision making in the context of through-life engineering services.
LITERATURE REVIEW
Engineering services require an integrated offering drawing upon resources from both customers and suppliers to deliver additional values for engineering assets, people and technology (Ng et al. 2011) . Engineering services comprise a new way of thinking, business model, process, organization, tools and information management (Purchase, Parry, and Mill 2011) . In a business model based on engineering services, the OEMs need to ensure asset performance throughout the life of the assets. The business requirements from the through-life engineering services must consider the rights and obligations set up in the service contract. The business requirements are assessed through performance indicators, and one of the typical performance measures recognized by both OEMs and their customers is availability (Lindahl et al. 2005 ). Rausand and Hoyland (2004) defined availability as the ability of an asset (under combined aspect of its reliability, maintainability and maintenance support) to perform its required function at an instant of time or over a period of time. To ensure the desired asset performance, it is therefore essential to utilize the current asset information in order to predict the asset behavior and possible fault condition (Ouertani, Parlikad and McFarlane 2008) . For this reason, asset monitoring data is crucial when unplanned downtime on high value assets can lead to the total system failure that is obviously costly and hazardous to environment or even life-threatening (Tu et al. 2007) .
Condition monitoring, diagnosis and prognosis function provides an effective engineering service delivery (Dausch and Hsu 2006) . In particular, condition monitoring also promotes the means of reducing (or eliminating) unnecessary repairs, prevent catastrophic failures and reduce the negative impact of the maintenance operation on the profitability of manufacturing (Mobley 2002) . Based on the condition monitoring, the service provider can assess the current asset performance throughout the entire asset lifetime.
In through-life engineering services, an effective management of the asset lifetime is essential for the success of the business goals. An effective asset lifetime management requires not only the effective design of service activities, which comprise installation, maintenance, repair, overhaul, etc., (Goffin and New 2001) , but also their optimized operational decisions. Discrete-event simulation has traditionally been used to aid in the validation of the systems design including engineering services operations (Mattila, Virtanen, and Raivio 2008) with the goal to better understand their behavior and ultimately to improve their overall performance (Benedettini and Tjahjono 2009) .
However, despite the potential benefits, the use of simulation modeling within the engineering services remains challenging in many aspects. Firstly, simulation modeling is inherently a design tool and typically there is no direct coupling between the simulation model and the actual system. Once the system is in operations, there is no further need to use the simulation model. Secondly, experimentation of the simulation model needs to be initiated from a state that corresponds to the actual state of the current system and bringing the model to this state of the model is challenging. Thirdly, the reliability data, such as breakdown and other stoppages, are usually taken from historical data or approximated using probability distribution functions, represented by the Mean Time Between Failures (MTBF). Maintenance activities that do not consider the change in asset conditions due to operational and environmental influence can lead to asset failures and unscheduled asset stoppages (Markeset and Kumar 2003) .
Online simulation uses some type of feedback mechanism to couple the model and the actual system. It adopts similar principles used in real-time control systems where the simulation model is applied in a feedback loop. One distinct feature of an online simulation is that the parameters obtained from the actual system will become a set of the current state of that system which, in turn, will be used to initialize the simulation model. This feature, consequently, enables the simulation model to be used not only during the design phase of engineering service, but more importantly can be extended to the operational stage where the model can be used as a day-to-day operational tool (Hanisch, Tolujew, and Schulze 2005) . Online simulation provides operational decision support in order to evaluate short-term decisions, to adjust the business strategies due to contextual changes or unforeseen circumstances (Wynn et al. 2008) . Figure 1 shows a block diagram of the proposed online simulation framework. In this framework, the simulation model of engineering services is physically coupled with the actual operations of engineering services, as the outcomes of the simulation will be used as a basis of the decisions. The simulation model represents the operations and management of engineering services which include maintenance, service and overhaul activities, and the types of decision supported by the model are, for instance, resource allocation, spare part delivery policy, maintenance scheduling etc. One distinct feature of the online simulation is that the monitored parameters of the actual system will become a set of current state parameters of the simulation model which in turn will initialize the simulation model and immediately execute the predetermined experimental scenarios set by the decision makers/modelers. In this setting, the framework will assume that the assets have condition monitoring systems. 
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Reliability Estimator
The Reliability Estimator (RE) receives the signals from the condition monitoring systems and predicts the health of the assets in terms of their reliability. It determines the likelihood of failure based on predefined operating time period. Using asset condition data and the operating boundaries defined beforehand, the RE estimates what the reliability performance of the assets will be. The reliability performance, also known as mission reliability, can be defined as the conditional probability from such component/system to execute its function effectively for the next time frame taking into account the current degradation level (Lu, Kolarik, and Lu 2001) . The second-order exponential smoothing (Holt's linear trend model) was the estimation technique adopted to implement the RE kernel, simply because it does not need a parametric model fitting (Gelper, Fried, and Croux 2010) and also it has similar estimation accuracy compared to other techniques, e.g. Kalman Filter and Extended Kalman Filter (LaViola 2003) . The second-order exponential smoothing can be mathematically described as (Yar and Chatfield 1990 Once the smoothing constants are chosen, the l-step-ahead estimation can be taken from the following formula:
The l-step-ahead error variance can be obtained, recursively, from the one-step-ahead error variance as (Lu, Kolarik, and Lu 2001; Yar and Chatfield 1990) : An experiment was carried out in order to validate the RE kernel. A critical limit (20% above the performance degradation limit) was chosen to be the lower bound limit which enables the maintenance action to be taken before the asset's failure. Figure 2 shows the RE experimental validation.
Once the last asset data are received, the estimation algorithm estimates the performance degradation trend for 8-steps-ahead. Using the estimation of the performance degradation, the RE kernel calculates the current conditional reliability. Table 1 shows the RE experimental results. For 1-step-ahead, the conditional reliability and error variance obtained from the abovementioned experiment were 99.6% and 3.437 respectively. Those results indicate that the asset will not break down for the next period of time (which can be in minutes, hours, days, etc.). For 6-steps-ahead, the asset reliability has reduced to 32.2% which indicates a possible asset breakdown for the next period of time. 
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Engineering Services Simulation Model
The engineering services online simulation model was developed using Anylogic®, a java-based simulation tool. Anylogic® integrates well with other java applications allowing the signals from the condition monitoring systems to be plugged-in to the model. Figure 3 shows the screen shot of the online simulation model showing four machines being monitored under the engineering services contracts. Furthermore, each machine has its own maintenance regime which is based on condition monitoring data. The model can be used to test, in advance, operational requirements and possible service actions with the ultimate goal to guarantee high asset's capability. Each element of the model is an asset's representation (i.e. machines, service managers, technicians, data acquisition, etc.) with attributes and behaviors typically found in manufacturing systems.
At the front-end of the framework is the Data Capture (DC) module, a port which provides synchronized data to the simulation model. It collects the current asset's data from each condition monitoring enabled asset and updates its internal buffer. The internal buffer is an abstract representation from the parent simulation model (Hanisch, Tolujew, and Schulze 2005) where the model state corresponds to the current asset's state. Number of channels, sampling rate and asset address are the input parameters of the DC module. The number of channels specifies how many channels that can be used to collect asset data. Sampling rate defines the frequency each channel must sample assets data. Even though the channels might use different sampling rate, the simulation model can only be updated after the elapsed time of the current completion horizon. The asset address is a virtual address for each channel. Once an asset model is used to represent a machine, it must be set to the same address in order to receive the message from the DC.
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In contrast to traditional simulation where the simulation model runs over entire simulation time, in this model, the simulation time is split into completion horizons. Each completion horizon is an explicit rule which defines when the simulation engine must interrupt the simulation execution (Wynn et al. 2008 ). In the model, the completion horizon can be set as a function of jobs completed, absolute time duration or asset failure. In addition, the completion horizon can be compressed or relaxed accordingly. Due to the rapid increase of the uncertainty around the simulation outcomes for large completion horizon, the confidence function implemented into the model often checks the variance of the mission reliability estimation.
In the proposed framework, asset's failures are not based on probability distributions and MTBF information. They are determined by reliability estimation and other operating boundaries. An asset may fail whenever its mission reliability reaches any critical limits defined beforehand. Due to the fact that the asset might have different condition data and operating boundaries, one RE must be embedded into each asset model.
EXPERIMENTATION
Two simulation models (traditional discrete-event and online simulation models) were built as a basis for the experimentation and comparison. The discrete-event model is essentially the same as the online simulation model but without the Data Capture (DC) module. Both models are set with the same input parameters including MTBF and asset's lifetime. Even though the MTBF does not directly related to the asset's lifetime due to wear-out failure period (Torell and Avelar 2011) , in this case, it is a reasonable assumption made by most of maintenance practitioners and researchers, e.g. (Greenough and Grubic 2011) , to adopt the same value when the wearout failure period is not included into asset lifetime (Moubray 1997) . Additional input parameters, added into online simulation model, were needed to set the internal RE's parameters and do not affect the simulation outcomes. These input parameters are listed in Table 2 . Three experiments were carried out to demonstrate the direct coupling mechanism, and to compare the outcomes of both models. In the first experiment (Exp1), assets are running under ideal operating and environment conditions. Likewise, the service contract is entirely executed without any requirement modifications. The results depicted in Table 3 indicate similar outcomes between both simulation models. Indeed, the online simulation outcomes point out a reduction of the number of breakdowns, asset utilization and availability improvement. Even though the difference in terms of breakdowns is relatively low (5 breakdowns for Asset1), this may become significant when the number of the high value assets increases.
In the second experiment (Exp2), dynamic behavior affected asset's lifetime (i.e. 20% reduction of the expected lifetime). It is a typical situation, where environment (e.g. temperature, humidity) and/or operating condition (unscheduled daily assets to meet unforeseen production demand), affects the expected asset's lifetime. The results obtained from Exp2 demonstrate a considerable difference in the outputs of both simulation models. As the traditional simulation model is not coupled with the real-time asset's condition data, it does not trigger current asset's lifetime variation. The outcomes obtained from the online simulation model execution show a reduction of 18.3% (on average) in MTBF and breakdowns increase (22.7% on average) indicating a potential loss of revenue in the engineering service. These results can be used to alert the engineering service team in order to proactively act to find the potential source of problems, or possibly, to request contract modifications.
In the third experiment (Exp3), unforeseen circumstances also affect the expected asset's lifetime, but this time, due to the better maintenance regime, the lifetime increases by ~20% from the expected lifetime. This information is valuable for the service provider because it can negotiate a contract extension that leads to additional source of revenue. Again, the traditional simulation fails into capture this business opportunity. On the other hand, the outcomes taken from the online simulation model suggests the lifetime increase for all the assets (13.7%, 21.3%, 18.8% and 19.6% for the Asset1, Asset2, Asset3 and Asset4 respectively). Consequently, the number of the engineering service team interventions may be decreased leading to a more precise and timely maintenance, for instance. 
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CONCLUDING REMARKS
This paper proposes an online simulation that aims to provide better decision support in the context of operations and management of through-life engineering services. In particular, when the responsibility of the OEM is extended beyond manufacturing of the products to cover the maintenance support (e.g. through contractual agreements), the online simulation has shown considerable benefits in supporting operational decisions during the contract executions. Unlike the traditional simulation methods where the focus is on evaluation of long-term business requirements, online simulation tool can be used to support short-term operational decisions typically occur in engineering services. Furthermore, proactive reaction to unforeseen circumstances can enable the engineering service team on timely maintenance so as to guarantee high asset availability and to minimize total through-life costs often required by all the stakeholders.
Three experiments were carried out in order to compare simulation outputs obtained from traditional simulation and online simulation models. The comparison between them indicates that, in the case where assets are affected by dynamic behavior, perturbation and other extreme environmental conditions, the online simulation can give a better picture of the assets availability, and this is particularly useful to support engineering services team.
Physically coupling the simulation model with the assets allows the condition of the asset to become a set of current state parameters which initialize the model and run the experimental scenarios. Variations in the expected performance can alert the engineering services team to take the immediate actions.
Industrial cases and more numerical analyses will continue to allow profit analysis from the reliable contract execution. Further investigations will also be conducted in order to evaluate different maintenance strategies, where condition monitoring module monitors more than one critical component. Additional investigation into operational service strategies and more sophisticated repair model will also be needed in order to further test the availability estimation. 
